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given in Table 7 clearly demonstrate that both magnitude
(bias) and phase (rmse) significantly gain in realism. Bold
values document that for all PFTs the FPAR and LAI biases
fall below 5% of the FPAR and LAI range, while most rmse
values reach this threshold in the 256 region experiment.

3.4. Local Prediction

[44] Any scientific application that is applied to global
scales should be reevaluated at the local scale if possible in
order to gain a better process‐based understanding and reveal
missing model components [see, e.g., Stöckli et al., 2008a;
Oleson et al., 2008]. The phenology model using the global
parameter set has therefore been tested at the same four
FLUXNET tower sites as in our local‐scale data assimilation
study [Stöckli et al., 2008b]. The aim of this section is to
evaluate to what degree the model using the above estimated
global parameter set is still able to represent local‐scale
phenology at specific sites.
3.4.1. Morgan Monroe State Forest
[45] The Morgan Monroe State Forest site (USA) is a

temperate deciduous forest interleaved by grassland and
crops. The site‐level simulation and the 4 region experiment
simulate a realistic seasonal cycle (Figure 6a). The 4 region
experiment should always be closer to the site‐level experi-
ment than for instance the 256 region experiment since the
former uses parameters that are constrained over exactly the
four regions covering the four sites, where the latter uses
parameters that minimize the prediction error for a global
area. A two‐stage green‐up successively appears in the 16,
64 and 256 region experiments. This two‐stage green‐up is
likely due to a unrealistic green‐up timing of nonnatural PFTs
present in this grid cell. The PFT parameters for maize (14%
of the area) and soy (12% of the area) are constrained with
information from globally distributed croplands by the 16, 64
and 256 region experiments, but their values do not seem to
be valid at this particular site or for this particular year. The
employed static PFT map would firstly not be suitable in
areas where crop rotation is practiced, and secondly a crop

phenology model might be required to realistically simulate
the phenological stages of different crops in a global pre-
diction. Senescence is realistic in the 4, 16, 64 and 256 region
experiments but is delayed in the site‐level experiment. The
64 and 256 region experiments further reveal a underesti-
mation of summer LAI magnitude. It might be related to the
negative bias of the temperate deciduous broadleaf forest LAI
prediction found in the regional analysis above (Table 7).
3.4.2. BOREAS Old Black Spruce
[46] The high prediction skill at the boreal forest site

BOREAS Old Black Spruce (Canada) appears to be inde-
pendent of whether a site‐level or global parameter set is used
(Figure 6b). This result firstly demonstrates that the regions
where boreal evergreen needleleaf forest occur are spatially
more homogeneous than for instance the patchy landscapes
encountered in temperate climate zones. The PFT distribution
at BOREAS for instance consists of around 50% evergreen
needleleaf trees, 20% deciduous shrubs and 20% Arctic
grasslands. Secondly, phenological timing for this PFT is
controlled by a well defined set of environmental triggers
(defined by the climate control parameters in Table 3) that
are valid from local to global scales. This result is underlined
by the high prediction performance of the boreal evergreen
needleleaf forest PFT found in the regional analysis above.
3.4.3. Santarem KM83
[47] The prior parameter set at the tropical evergreen

broadleaf site Santarem KM83 (Brazil) creates a unrealistic
light‐limited leaf loss of around 2 m2 m−2 at the end of the
wet season (April–June) while both quality screened obser-
vations and all posterior parameter sets show a constant
LAI throughout the year. Figure 6c demonstrates that the
employed observation quality control is working well and
that cloud affected (wet season) and aerosol contaminated
(dry season) observations at the site are properly screened and
do not affect the data assimilation process.
3.4.4. Tonzi Ranch
[48] Although the Tonzi site (USA) has the same mean

monthly precipitation and mean temperature as Morgan
Monroe State Forest (the two red boxes that coincide in the
center of Figure 1b), it is a mediterranean savanna‐type
ecosystem with a rather dry late summer and a wet winter
season. Figure 6d shows that the magnitude but also the
timing of the drought response between May and September
(see also Figures 3 and 4 in the work of Stöckli et al. [2008b])
are simulated very realistically by the site‐level and the
4 region experiments compared to the prior experiment. The
timing is still accurate in the 16, 64 and 256 region experi-
ments, but the peak LAI during April and May is severely
underestimated in the 16, 64 and 256 region experiments. The
result demonstrates that global parameter sets can become
inaccurate at the local scale for ecosystems with a complex
canopy. The site‐level experiment yields July/August LAI
values that are comparable to ground measurements [Ryu
et al., 2010b]. However, our simplified canopy radiative
transfer neglects the contribution of vegetation structural
aspects like leaf clumping while ground measurements
often neglect the contribution of the understory LAI that is
also measured by the satellite. Currently the comparison of
satellite‐ and ground‐observed phenology is best achieved
through the analysis of phenological timing [Studer et al.,
2007; Stöckli et al., 2008b; Liang et al., 2011]. Newly
developed near‐surface remote sensing methods are promis-

Table 7. Bias and RSME (in Parentheses) of Regional FPAR
and LAI Predictions by PFT With the Prior Parameter Set and
the Parameters Constrained by the 256 Region Experimenta

PFT

FPAR LAI

Prior 256 Prior 256

bar all 0.30 (0.31) −0.01 (0.02) 1.62 (1.63) 0.02 (0.04)
enf tem 0.02 (0.10) −0.02 (0.03) 0.93 (1.11) −0.17 (0.33)
enf bor −0.12 (0.22) 0.00 (0.05) 0.32 (1.14) 0.03 (0.16)
dnf bor −0.06 (0.21) 0.00 (0.08) 0.56 (1.32) 0.03 (0.23)
ebf tro 0.06 (0.06) 0.01 (0.02) 0.01 (0.23) 0.19 (0.27)
ebf tem 0.04 (0.12) 0.00 (0.02) 0.62 (0.93) 0.25 (0.41)
dbf tro 0.16 (0.17) 0.00 (0.01) 1.36 (1.39) 0.08 (0.15)
dbf tem 0.07 (0.12) −0.03 (0.04) 1.07 (1.26) −0.09 (0.38)
dbf bor −0.00 (0.21) −0.00 (0.07) 0.68 (1.39) 0.19 (0.42)
ebs all 0.01 (0.16) −0.04 (0.07) 0.79 (1.07) −0.10 (0.27)
dbs tem 0.33 (0.33) 0.04 (0.04) 2.14 (2.17) 0.25 (0.26)
dbs bor −0.04 (0.18) 0.01 (0.07) 0.61 (1.18) 0.04 (0.15)
c3g arc 0.02 (0.13) −0.00 (0.03) 0.76 (1.16) 0.03 (0.09)
c3g nar 0.27 (0.28) 0.02 (0.03) 1.95 (1.99) 0.11 (0.13)
c4g all 0.26 (0.27) 0.01 (0.02) 2.09 (2.10) 0.10 (0.12)

aThe accuracy of bold values is better than 5% of the full FPAR or LAI
range (1.0 and 8.0, respectively).
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ing to also compare phenological magnitude [Ahrends et al.,
2008; Richardson et al., 2009; Ryu et al., 2010a].

4. Discussion

4.1. Data Assimilation

[49] By running the data assimilation over less than 1% of
the global land surface the global FPAR and LAI prediction
error could be reduced to below 20% of its initial value. The

key for this success is most likely the wide climatic and
biogeographic range spanned by the chosen subset of
assimilation regions (Figure 1). The 4 region experiment
already includes a tropical, a temperate, a boreal and a medi-
terranean climatic environment to constrain a set of param-
eters that then show substantial skill in a global prediction
(Figure 3). Figure 4 suggests that little improvement can be
expected when extending the assimilation area beyond the
0.4% of global land area covered by the 256 region experi-

Figure 6. Predicted versus observed site‐level (0.5° × 0.5°) LAI using the site‐level, the prior parameter
set and the parameter sets constrained by 4, 16, 64 and 256 regions during 2003.
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ment. Research on the optimal location of assimila-
tion regions might further reduce the computational resources
needed for a global data assimilation of vegetation phenol-
ogy.
[50] The parameter uncertainties seem to converge much

faster than the prediction errors. While the EnKF allows in
theory a perfect estimation of the combined posterior model
and parameter error by analysis of both the prior model
uncertainty and the observation uncertainty, there are many
assumptions to be made for the practical implementation of
the EnKF in a prediction system. Each of the following
assumptions could be the cause for the observed parameter
overconfidence:
[51] 1. The ensemble size N for the EnKF should be as

large as possible since the sampling error decreases by 1/
ffiffiffiffi
N

p
.

1000 ensemble members are likely too low since around
10000 states and 510 parameters are estimated for each
region. With the available computational resources for this
project there is little that can be done regarding ensemble size.
[52] 2. If the measurement size exceeds the ensemble size,

rank problems can occur because the measurement error
covariance needs to be compressed into the ensemble space.
We however make use of the inversion presented by Evensen
[2004] that uses a measurement operator covering the full
rank of measurements to avoid the problem of rank loss
reported in the literature [Kepert, 2004].
[53] 3. If the measurement uncertainty is poorly chosen

in a bayesian method, the posterior model uncertainty will
likely be wrong. The measurement uncertainty is derived
from MODIS quality flags that are themselves based on
semiempirical detection algorithms for clouds, shadows,
aerosols and reflect an incomplete set of retrieval errors
[Justice et al., 2002]. Further, arbitrary scaling factors are
used to transfer the quality flags into a quantitative set of
observation uncertainties. The superobservations derived in
equation (29) neglect any spatially correlated measurement
errors that are likely to happen with cloud contamination or
snow cover.
[54] 4. The EnKF solver is chosen to avoid local minima

since the full nonlinear prediction model is integrated without
the need to create first order derivatives as needed for instance
in the Extended Kalman Filter or in variational data assimi-
lation techniques like 3D or 4D VAR. A yearly analysis
guarantees that parameters do not satisfy individual obser-
vations but are consistent with the entire seasonal cycle of
the leaf state.
[55] 5. By estimating a set of 15 parameters for a total of

34 PFTs several solutions in the parameter space might pro-
duce a similar prediction. However, even though equifinality
might generate wrong parameters it should to the best of our
knowledge not lead to parameter overconfidence.

4.2. Phenology Model

[56] We chose a rather empirical phenology model with a
large set of climate control parameters, structural vegetation
parameters and time averaging parameters.
[57] It was demonstrated how both climate control and

structural vegetation parameters can be thoroughly constrained
by the 10 years of MODIS data while time averaging
parameters are left with a substantial posterior uncertainty.
There is nevertheless evidence that the time averaging needed

for temperature and light are likely shorter than 21 days and
the averaging time for moisture is higher than 21 days. This
result contrasts most temperature‐based phenology models
that work with growing degree days since they often integrate
temperature history over several months [Chuine, 2000]. The
long averaging time for moisture further demonstrate that tall
trees in temperate climate zones can sustain greenness for
prolonged periods of droughts. For short natural vegetation
like grasslands and deciduous shrubs the moisture averaging
times result well below 21 days, most likely related to their
short rooting depths and higher susceptibility to drought.
[58] The tropical evergreen broadleaf forest PFT requires

the longest moisture averaging times. Our model yields a
seasonally largely constant FPAR and LAI for this PFT.
Tropical trees are known to be resistant to the yearly recurring
dry periods [Lee et al., 2005]. Recent studies however dem-
onstrate that tropical plant physiology and phenology is very
complex and both can sensitive to extreme drought periods
[Saleska et al., 2007; Myneni et al., 2007; Phillips et al.,
2009; Zhao and Running, 2010]. These studies are based
on satellite‐based EVI, modeled GPP or on field mea-
surements of biochemical fluxes and carbon stocks and not
on satellite‐based FPAR or LAI. Further, drought‐induced
changes in tropical phenology may not be detectable with
spectroradiometers like MODIS but only with hyperspectral
radiometers like Hyperion [Asner et al., 2004]. These open
questions should motivate follow‐up research in both mod-
eling and observation of tropical phenology.
[59] Our model entirely depends on a multiplicative set of

linearized and time integrated temperature, light and moisture
controls. The model therefore excludes several known bio-
physical and abiotic controls such as chilling requirements,
insect pests, harvest, irrigation, nutrient limitations, tree
aging, biodiversity effects or frost events. The high prediction
skill on the seasonal and interannual timescale spanning local
to global spatial scales demonstrates that the main drivers
of phenological variability have been included in the model.
However, the short observation period of 10 years by defi-
nition excludes most climatological extreme events required
to exploit the full range seasonal to decadal phenological
variability. Especially the climate control parameters of sub-
tropical and tropical drought‐deciduous PFTs might benefit
from a longer observation period.
[60] Plant physiological research suggests that bud burst

of temperate deciduous species is driven by photoperiod (but
not necessarily the light intensity Rg as used in this study).
Photoperiod can serve as trigger for temperature sensitivity
[Körner, 2006]. Our results demonstrate that the best
empirical prediction of temperate deciduous broadleaf forest
phenology is simulated by a combined temperature‐light
forcing. Figure 4a of Stöckli et al. [2008b] visualizes that a
light trigger (green curve, crosses) precedes the temperature
trigger (red curve, stars). However, it is currently debated
whether light, temperature or both control bud burst. These
relationships also vary by species [Körner and Basler, 2010]
and cannot be generalized [Cleland et al., 2007].

4.3. Plant Functional Type Data

[61] Plant functional types [Bonan et al., 2002] are chosen
instead of the often used biomes or land cover classes
[Hansen et al., 2000] because they are better in line with the
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separation needed for phenological predictions. The single
savanna biome at for instance the Tonzi Ranch is composed
of a evergreen broadleaf tree PFT (with maximum LAI in late
summer) and of a drought‐deciduous c3 grass PFT (with
maximum LAI in early spring). Both PFTs display a very
different phenological cycle and there is no single parameter
set that would enable a realistic simulation of the single
savanna biome. The regional analysis however suggests that
several PFT classes like the temperate deciduous broadleaf
forest PFT, the evergreen broadleaf shrub PFT or the tem-
perate deciduous broadleaf shrub PFT might still be too
heterogeneous in terms of phenological behavior and could
be separated into sub‐PFT classes. Phenological predictions
would surely benefit from consistent global PFT maps based
on new remote sensing technologies as for instance presented
by Ustin and Gamon [2010].
[62] The focus of this study is the estimation of phenology

parameters for natural vegetation. However, crop PFTs were
also included in the data assimilation. Satellite pixels contain
a mixed signal from both natural andmanaged vegetation that
needs to be decomposed in order to estimate parameters for
the natural vegetation PFTs. Figure 3 demonstrates that the
FPAR and LAI of regions with heavy crop cover are well
predicted without the explicit use of a crop phenology model.
This shows that even managed vegetation phenology is
dominantly weather and climate driven. However, for climate
model applications a dedicated crop phenology model should
be used since especially the carbon uptake of crops differs
from natural vegetation [Gervois et al., 2004; Lokupitiya
et al., 2009].

4.4. Satellite Data

[63] The MODIS FPAR and LAI data are derived from
MODIS surface reflectances by inversion of a canopy radi-
ative transfer model [Myneni et al., 1999, 2002]. They are
more accurate in low biomass areas and generally exaggerate
LAI for broadleaf and needleleaf forests [Wang et al., 2004;
Cohen et al., 2006]. The LAI retrieval from visible and near‐
infrared surface reflectances is underdetermined for inter-
mediate and high LAI values which can yield errors in the
order of 50% [Garrigues et al., 2008]. The FPAR and LAI
data set presented in this study will inherit such errors. We
further use a very simplified representation of the canopy
light interception that only fits 4 canopy structural parameters
per PFT (FPARmin , FPARmax, FPARsat and LAImax). Com-
pared to theMODIS retrieval algorithm it does not include the
effects of foliage and canopy clumping, nongreen canopy
elements, soil background reflectance, shading or vertical
canopy structure [Myneni et al., 1999; Shabanov et al., 2003].
These differences can introduce inconsistencies between the
assimilated and predicted FPAR and LAI values. They might
be responsible for some of the scaling issues found at Morgan
Monroe and Tonzi Ranch.
[64] The restrictive quality screening of MODIS observa-

tions employed in this study eliminates the majority of cloud,
aerosol, snow and cloud shadow contamination that usually
complicates the generation of climate quality biophysical
satellite parameters in tropical or high latitude [Los et al.,
2000; Poulter and Cramer, 2009]. On the global average
40–50% of all valid observations pass quality screening
(Table 6). In tropical areas only 5–10% (not shown) pass

the quality screening. Neglecting quality screening can for
instance lead to misleading conclusions on the drought
response of tropical trees [Saleska et al., 2007] as shown by
Samanta et al. [2010].
[65] Remote sensing data assimilation in combination with

a predictive model has the capability to complement the
classical data‐only gap filling procedures such as maximum
value compositing or fourier time series fitting employed in
most current satellite‐based land surface data sets [Los et al.,
2000; Jonsson and Eklundh, 2002; Stöckli and Vidale, 2004;
Tucker et al., 2005; Fang et al., 2008].

4.5. Weather Forcing Data

[66] The model parameter set and therefore the phenolog-
ical prediction will be sensitive to the choice of weather
forcing data since predicted states are empirically and not
mechanistically linked to the meteorological predictors.
Potential biases in the ECMWF ERA Interim data might
therefore have created unrealistic posterior parameter sets
during the data assimilation. We have perturbed the weather
forcing data with uncertainties as given in section 2, but the
perturbation does not correct for biases in the weather forcing
data. Also, a new estimation of model parameters might
be required if a new weather forcing data with a different
spatial scale or with a different climatology is used or if the
phenology model is applied in coupled mode as part of a
climate model.

5. Conclusions and Outlook

[67] Our study demonstrates how remote sensing data
assimilation can be used to reduce uncertainties in a global
phenology model. The assimilation of MODIS data covering
less than 1% of the global land surface successfully reduced
the global FPAR and LAI prediction errors to 20.6% and
14.8% of their respective prior errors. A too high variance
reduction in the posterior parameter set could be mitigated
by use of a more quantitative observation uncertainty estima-
tion. Novel data assimilation methods such as the Maximum
Likelihood Ensemble Filter MLEF [Zupanski, 2005] employ-
ing Hessian preconditioning and a gradient search method
might yield more realistic globally applicable parameter sets.
[68] Our study suggests that PFTs are a suitable means to

disaggregate mixed satellite pixels on global scale and they
allow to create a PFT‐specific parameterization of a globally
applicable phenologymodel. The boreal evergreen needleleaf
forest PFT and the tropical evergreen broadleaf forest PFT
perform realistically over a large range of spatial scales.
However, local‐scale predictions using a global parameter
set can become unreliable in both magnitude and timing as
for instance demonstrated for the mixed natural‐agricultural
temperate landscape (Morgan Monroe) and the savanna
landscape (Tonzi Ranch). The phenological data assimilation
experiment could now be repeated with a variety of globally
applicable phenology models and PFT data sets. In order to
increase the compatibility between assimilated and predicted
vegetation states the MODIS canopy radiative transfer model
could be employed in the prediction of FPAR and LAI. A
more complex treatment of leaf and canopy clumping, leaf
orientation, shadowing or nongreen canopy elements would
further broaden the applicability of our methods and data sets.
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As a first step global maps of foliage clumping [Chen et al.,
2005; Pisek et al., 2010] could enhance our simplified LAI
calculation with geometric information on canopy structure.
[69] Our study is a first step tomitigate some deficiencies of

current phenological models. As already shown by Stöckli
et al. [2008b] the parameterized phenology model can be
useful to disentangle the influence of meteorological drivers
on the observed phenological variability. It could be a con-
tribution to the currently ongoing discussion on how tem-
perature and light (or photoperiod) govern the timing of
phenological spring events [Körner and Basler, 2010]. The
50 year long global phenological reanalysis data set (1960–
2009) should be suitable for climate analysis studies. It might
for instance contain evidence on whether the light trigger is
the hard limit for the currently observed (temperature‐related)
negative trends for phenological spring events [Cleland et al.,
2007; Rutishauser et al., 2007].
[70] Future research should combine process‐based

knowledge from hydrology, plant physiology and canopy
radiative transfer modeling with the highly empirical world of
plant phenology. This is needed to better understand and
simulate the response of the terrestrial water and carbon cycle
to climate variability and change and to quantify the resulting
impacts on the other earth system components [Penuelas
et al., 2009]. We would therefore like to motivate earth
system modelers to experiment with data assimilation and
to bring forward a new generation of phenology and land
surface models. In order to facilitate this, the presented data
set, all program codes, parameters, documentation and sim-
ple hands‐on experiments are publicly available at http://
phenoanalysis.sourceforge.net.

Appendix A: Plant Functional Type Data
Generation

[71] The following modifications are made to the PFT
processing by Lawrence and Chase [2007] and Bonan et al.
[2002]:
[72] 1. The single crop class is decomposed into 19 indi-

vidual crop classes according to Leff et al. [2004].
[73] 2. This yields 35 PFT classes in total: 15 natural types,

19 crop classes and water.
[74] 3. The processing is performed at 30″ spatial resolution

instead of 0.05°.
[75] 4. The monthly temperature climatology [Wilmott and

Matsuura, 2007] is downscaled to 30″ by use of a lapse rate
of 0.5 K 100 m−1 applied to the above described topography
data set.
[76] 5. MOD15A2 LAI is quality screened as described

above in order to evaluate the c4 grass fraction. Following
Still et al. [2003] the c4 grass fraction is the sum of LAI for
those months that satisfy the c4 growth criteria (temperature
>22°C and precipitation >25 mm) over the sum of LAI for all
months. Since they have used NDVI instead of LAI, we apply
the square‐root to the LAI‐derived c4 grass fraction in order
to account for the almost exponential relationship between
NDVI and LAI.
[77] 6. The processing merges 7 sometimes inconsistent

data sets into a single continuous plant functional type cover
data set. The inconsistencies (e.g. MOD44B indicates 25%
tree cover but the AVHRR VCF shows 0% tree cover) are

overcome by inverse distance filling where the MODIS data
set served as the reference data set.

Appendix B: Technical Set Up

[78] The data assimilation framework is parallelized by
using Version 1.2 of the MPI standard [Message P Forum,
1994] with a one‐ or two‐dimensional process topology
(multiple regions and one region per process, or single region
distributed along longitude and latitude range). Model state
prediction, I/O, observation QA screening, gridding of
superobservations, HA and D matrices are calculated on
separate processes by assigning one region per process and
one process by logical CPU unit. The prior parameters are
perturbed once and distributed to all processes in order to end
up with a global analysis parameter set. Model states and
weather forcing are perturbed by process. One process is
reserved for the global analysis, where all regionalHA andD
are collected at the end of each simulation year and the global
analysis is performed. The global analysis matrix (X5 of
Evensen [2003]) is finally redistributed to all processes,
where the computationally intensive final ensemble update of
states and parameters is performed.
[79] The bottlenecks for this framework are its heavy

memory usage, the size of the observational data and the
global EnKF analysis. The parallelization of the EnKF solver
would be an important next step in order to increase data
assimilation performance. The state matrix has 7 dimensions
(ens × lon × lat × PFT × HGT × state × days), the parameter
matrix has 3 dimensions (ens × PFT × parameter), the forcing
data has 5 dimensions (ens × lon × lat × HGT × forcing),
which exceeds per‐process memory availability on today’s
supercomputers. In order to increase memory efficiency, a
subset of HGT and PFT classes for states is integrated in each
region, where only HGT and PFT classes are selected that
cover more than 2.5% of the area in each region. Water areas
(PFT number 35) are screened and not used during the
analysis. Furthermore the upper bound of superobservations
to be used in the global analysis was set to 50000. The
analysis then is within around 1 GB per process (with a
maximum of 4–8 GB per node on, e.g., NCCS Discover with
8 CPUs per node and 16–32 GB per node on, e.g., NCAR
Bluefire with 32 CPUs per node).
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